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Abstract 
The eastern Sierra Nevada are a major source of water for Los Angeles and Southern 
California. The high proportion of precipitation falling as snow on the eastern Sierra makes them 
a natural reservoir, with gradual melt of the snowpack supplying water during the dry spring and 
summer. However, increasing temperatures and changes in precipitation as a result of climate 
change are causing the snowpack to melt earlier and more quickly, threatening the availability of 
Los Angeles’s primary water supply. Additionally, upslope expansion of vegetation is predicted 
to cause significant decreases in runoff from the Sierra Nevada. I used the USDA Soil and Water 
Assessment Tool model (SWAT) to simulate streamflow in the eastern Sierra Nevada and make 
predictions about changes to snowmelt runoff volume, timing, and hydrology of the region under 
different climate scenarios. Significant increases in evapotranspiration and an increasing 
proportion of precipitation falling as rain will require changes to water resource infrastructure to 
accommodate more concentrated runoff and a longer dry season. 
 
1. Introduction 
The eastern flank of the Sierra Nevada is the primary source of domestic water for Los 
Angeles and much of Southern California. A key component of this system is the Los Angeles 
Aqueduct, a 544 km long aqueduct and reservoir system that begins in the Mono Basin and 
extends through the Owens Valley (Fig. 1; LADWP, 2013). The aqueduct supplies 400,000 
million m​3​ of water annually (LADWP, 2019), exceeding the amount consumed by the city of 
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Los Angeles and supplying water to more than 4 million people (LADWP, 2019b). Due to the 
large proportion of precipitation that falls as snow, the eastern Sierra Nevada snowpack serves as 
a natural reservoir to supply Southern California with water during the dry spring and summer 
months. As a result, the future volume of the snowpack and predictability of how its interannual 
variations will affect runoff are critical to maintaining a consistent supply. Future intensification 
of anthropogenic climate change in California will likely have significant implications for the 
snowpack and the availability of water resources for a growing population.  
The most recent climate assessments predict temperatures in the Sierra Nevada will warm 
by 3 to 5° C by the end of the century, driving a 500 to 900 m increase in snow line elevation and 
a 60% reduction in snow pack volume (Dettinger et al., 2018). Transition to an increasingly 
rain-dominated system as high-altitude temperatures rise has been shown to already be causing 
earlier melt of the snowpack and a more temporally concentrated flux of water resources into the 
Los Angeles Aqueduct (Bales et al., 2015; Stewart et al., 2012; Maurer et al., 2007). Water 
resource managers must handle an increasingly high peak input of meltwater and be prepared to 
store supplies for a longer portion of the year. Perhaps most importantly, climate change may 
alter the overall output of the watershed over time (Goulden and Bales, 2014; Bales et al., 2006). 
Understanding the potential effects of these changes on the Sierra Nevada and the extent to 
which they will impact runoff is necessary to effectively meet future water resource needs of 
Southern California.  
In this thesis, I use the U.S. Department of Agriculture Soil and Water Assessment Tool 
(SWAT) numerical model to explore variations in runoff that could occur in coming decades as 
anthropogenic climate change accelerates.  In addition, I examine the role that changes in 
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vegetation associated with changes in temperature and rainfall may play in further exacerbating 
water stress in the Los Angeles basin. SWAT is a physically based hydrologic model commonly 
used in watershed assessment and prediction (Arnold et al., 1998) that uses topography, soils, 
and vegetation data along with climate information to predict streamflow.  I describe first the 
steps taken to calibrate the model using historical weather and stream gauge records and then 
move on to describe the experiments.  
  
2. Background 
2.1 Expected Hydrologic Changes Due to Anthropogenic Warming 
Recent warming trends in the Western United States have caused changes in precipitation 
and snowmelt dynamics in mountain regions (Barnett et al., 2008). Warmer winter temperatures 
have resulted in a greater proportion of precipitation falling as rain in what have typically been 
snow-dominated and transitional mid-elevation watersheds, resulting in a reduction in snowpack 
volume (Jepsen et al., 2016; Howat and Tulaczyk, 2005). It is projected that temperature 
increases of 3 to 5 °C will drive an earlier melt season and change the distribution of water 
availability throughout the year (Dettinger et al, 2018). Peak snowmelt runoff has also been 
predicted to occur 3 - 6 weeks earlier by the end of the century due to warmer temperatures, 
which will create higher peak flows and more extreme spring floods (Sultana and Choi, 2018; 
Berg and Hall, 2015; Stewart et al., 2015). Other studies have estimated a 50% decline in eastern 
Sierra snowpack with 6 °C of warming and snowmelt occuring 8 to 12 days earlier than at 
present (Bales and Roy, 2015). 
6 
The beginnings of these changes have already been observed in the Sierra Nevada. Based 
on historical data, peak runoff timing in 2002 was found to occur an average of 1 to 4 weeks 
earlier in the western U.S. than in 1948, with some of the strongest trends being observed in the 
eastern Sierra Nevada (Maurer et al., 2007; Stewart et al., 2005). Because average winter 
temperatures at mid-elevations (1750-2750 m) are not much below freezing, they are especially 
susceptible to changes in precipitation type and snowmelt timing as a result of warming 
(Hunsaker et al., 2012; Rice et al., 2011; Lundquist et al., 2008; Maurer et al., 2007). 
Snow-dominated watersheds at these elevations are most likely to become rain-dominated with 
warming and see the largest reduction in snowpack (Sultana and Choi, 2018). However, because 
most precipitation in the eastern Sierra falls at high elevations (Pandey et al., 1999), it is unclear 
whether the hydrologic effects of an increase in the snow line elevation will result in significant 
changes in overall streamflow or if the changes in runoff timing will be as significant as in 
watersheds with more evenly distributed snowpack. Additionally, uncertainty in climate model 
predictions regarding whether precipitation in the eastern Sierra will increase or decrease and 
whether changes will primarily affect the wet or dry season further complicates predictions about 
future runoff from the Owens Valley (He et al., 2018).  
In addition to changes in temperature and precipitation caused by anthropogenic forcing, 
other studies have projected changes to vegetation that may exacerbate changes in streamflow. 
With earlier snowpack melt, time between periods of high water availability will increase, 
resulting in a decrease in soil moisture (Blankinship et al., 2014; Goulden and Bales, 2014; 
Hopmans et al., 2012). However, at mid to high elevations, vegetation growth is presently 
limited by low temperatures rather than by water availability. As these elevations warm, 
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vegetation could expand upslope by as much as 700 m, increasing evapotranspiration and 
decreasing runoff (Goulden and Bales, 2014). Studies have also predicted climate change will 
cause an increase in the frequency and severity of flood and drought episodes in California, 
posing challenges for maintaining a stable water supply (Berg and Hall, 2015; Diffenbaugh et al., 
2015).  
Due to their large spatial extent, inherently high variability of climatic conditions, and the 
difficulty of monitoring wilderness areas, there is a lack of observed climate data in the eastern 
Sierra Nevada, especially at high elevations. As a result, many studies have focused on localized 
catchments or analyzed specific parameters such as snowpack or runoff timing (Jepsen et al., 
2016; Blankenship et al., 2014; Lundquist et al., 2008). A few studies have been done on larger 
scales.  However, many lack the resolution to do more detailed analysis of potential future 
hydrodynamics in the region (Bales et al., 2006).  
Prediction of Sierra Nevada runoff in response to climate change is made difficult due to 
the uncertainties in the magnitude of temperature and precipitation changes at high elevations 
and how these changes could affect the energy balance of orographic hydroclimate. Secondary 
effects of changing hydroclimate such as impacts on ecology have been largely unexplored in 
mesoscale models (Bales et al., 2006). The interaction of increasing flooding, wildfires, and 
changing seasonal water availability will potentially drive changes in the distribution of 
ecoregimes, both accelerating local temperature changes as well as altering the water balance in 
watersheds (Diffenbaugh et al., 2015; Goulden and Bales, 2014). Likewise, the effects of soil 
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erosion on vegetation and surface runoff in areas with only shallow inceptisols have not been 
factored into large-scale studies of future Sierra Nevada runoff (Goulden and Bales, 2014).  
On the western slope of the Sierra as well as in watersheds of the western Sierra such as 
the San Joaquin basin, multiple studies have attempted to estimate and predict runoff from the 
region by simulating climate and runoff dynamics in individual watersheds and streams (Ficklin 
et al., 2012a). The semi-distributed hydrologic model used in this study has the benefit of 
combining physical characteristics of a watershed with runoff and stream interaction and 
behavior that is not addressed by purely distributed models. The incorporation of physical 
characteristics in addition to stream dynamics has been shown to dramatically increase the 
explanatory ability of models and make them better suited to incorporate physical changes of a 
watershed over time than models that rely only on streamflow (Arnold et al, 2012a). 
Semi-distributed approaches allow more specific analysis of how hydrodynamics may change 
spatially and incorporate sufficiently detailed data to assess the factors influencing sensitivity 
differences between watersheds. Currently, there have been no studies using a semi-distributed 
hydrologic model to predict the effect of climate change on runoff in the eastern Sierra Nevada. 
2.2 The SWAT Model 
SWAT is a physically based semi-distributed process based model developed by the 
United States Department of Agriculture in partnership with the Department of Biological and 
Agricultural Engineering at Texas A&M University (Arnold et al., 1998). It was created for 
simulating the flow of pesticides from farmland. However, it has since been used for a variety of 
purposes including agriculture and industrial runoff, stream runoff, erosion, and water chemistry. 
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SWAT simulates stream discharge in response to weather forcings (precipitation, temperature, 
relative humidity, incoming solar radiation, and wind speed), soil infiltration capacity, and 
vegetation characteristics, and runs on a daily timestep.  
The primary spatial divisions of the SWAT model are subbasins, which are delineated 
based on topography and calculated flow direction. Subbasins are further broken down into 
hydrologic response units (HRUs) that are treated separately based on unique combinations of 
land cover, soil, and slope classes. Layer classes that constitute too low a percentage of the total 
area are not used for HRU definition. HRU definition prioritizes land use, soil classification, and 
slope classification (in that order), where the percent area is calculated based on the delineation 
of the previous layer. Calculations are done at the HRU level and aggregated to the subbasin 
level. Although HRUs are the smallest delineation used by SWAT, they can be further divided 
into elevation bands in order to more accurately represent snow accumulation, snow melt, and 
temperature and precipitation lapse rates in topographically complex regions. This is 
implemented by specifying the minimum elevation difference within a subbasin to generate 
elevation bands and selecting the number of bands to calculate (up to 10). Runoff in each 
subbasin is routed towards a central stream that runs out of the subbasin. 
The land-based hydrology simulated by SWAT can be summarized by the water balance 
equation , where ​SW​t​ is soil waterW  SW  (R  Q  E  w  QS t =  0 +  ∑
t
i = 1
day −  surf −  a −  seep −  gw  
content at time ​t​, ​SW​0​ ​is the initial soil water content, ​R​day​ ​is precipitation entering the catchment, 
and ​Q​surf​ (surface runoff), ​E​a​ ​(evapotranspiration), ​w​seep​ (infiltration to the vadose zone from soil), 
and ​Q​gw​ ​(groundwater flow) represent water leaving the catchment. 
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The model produces precipitation by use of long-term records from regional weather 
stations or through user-defined inputs. It determines precipitation phase type by specifying a 
temperature below which all precipitation falls as snow. Despite the simplicity of this approach, 
a comparison of climate and precipitation gauge records in the study area showed that this 
method performs as well or better than more complex models in correctly predicting 
precipitation phase type. SWAT has provisions for simulating snow with both full and partial 
coverage. Below a user defined thickness, snow cover is assumed to be discontinuous and 
follows a nonlinear melt regime using a curve that relates snow volume to areal extent. This 
provides a better approximation of the effect that snow drift, shading, topography, and vegetation 
cover have on melt than assuming snow melt is consistent with depth. 
There are four reservoirs that liquid water can occupy once it has fallen as precipitation 
or melted from the snowpack. These are surface runoff and the stream channel, soil, a shallow 
sediment aquifer, and a deep sediment aquifer. A small amount of water can also reside in the 
vegetation canopy before reaching the ground. Water on the surface either infiltrates into the soil 
or becomes surface runoff and eventually enters a stream channel. Water in the stream channel 
then flows out of the subbasin. Only water in soil and in the stream channel is directly exposed to 
evaporation. These reservoirs, along with the shallow sediment aquifer, are also exposed to water 
demand from vegetation. The soil database adapted to SWAT contains information about soil 
water content and the availability of deeper water to plants. Both storage and flow of 
groundwater are also simulated by the model.  
Evapotranspiration is calculated with the Penman-Monteith method using temperature, 
relative humidity, solar radiation, and wind speed as parameters (Neitsch et al. 2011). Remaining 
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water after infiltration and evapotranspiration is considered surface runoff and can be recorded at 
the position of actual stream gauging stations, facilitating the comparison of modeled and 
observed streamflow data. 
 
3. Study Setting 
3.1 Topography 
Owens Valley, which encompasses the majority of the watershed, is approximately 121 
km long and 32 km wide. Including the Mono Basin, the watershed feeding the Los Angeles 
aqueduct has an area of 11,242 km​2​. In the valley, there is an elevation gradient of 860 m from 
north to south as a result of two east-west grabens at different elevations created during its 
formation. The study area is bounded by the Sierra Nevada to the west and the White and Inyo 
Mountains to the east, both of which exceed 4000 m at their crests. Midway along the valley, 
peaks rise over 3,000 m above the valley floor, creating a steep elevation gradient in as little as 
15 km. However, the topographic relief of the Sierras decreases in the north near Mono Lake and 
at the southern end of the watershed. In the north, the Sierra extend eastward to enclose Round 
Valley to the south and the Mono Lake Basin to the north. Streams from the eastern Sierra at 
Round Valley make up the headwaters of the Owens River and are augmented by tributaries 
intersecting the river both originating from the further south in the Sierra, and from the White 
Mountains on the eastern side of the valley. At the southern end, the Coso Range runs transverse 
to the valley just south of Owens Lake and marks the terminus of the basin. Owens Valley has no 
natural outlet, which previously resulted in the creation of Owens Lake (1084 m) at the mouth of 
12 
the Owens River. However, rerouting of the Owens River by the Los Angeles Aqueduct 
bypasses the lake and allows the basin to drain to the south. Mono Lake (1948 m), which fills the 
basin north of Round Valley, is also included in the Eastern Sierra watershed despite being 
relatively isolated from Owens Valley. When the Los Angeles Aqueduct was expanded in 1941 
to meet increasing water demands in Southern California, portions of Lee Vining Creek and 
Rush Creek, which feed Mono Lake, were diverted to feed into the Owens River (LADWP, 
2013).  
3.2 Geology and Soils 
Granite from the Sierra Nevada batholith comprises the bedrock of the Valley whereas 
the valley fill is a mix of consolidated alluvial fans, glacial sediment, and fluvial sediment. In the 
north, there is exposed volcanic rock (Danskin, 1999). The majority of the sediment deposited in 
the valley fill originated as detritus from the mountains bordering the valley. At higher 
elevations, scouring from mountain glaciers during the Pleistocene has resulted in thinner soil 
and more exposed granite (Stewart, 2012). As a result, lower elevations tend to have more 
developed soils and thicker sediment layers more suitable for groundwater storage and flow. 
Detritus primarily originated from the west side of the valley, which has larger and more 
continuous alluvial fans relative to those against the White Mountains (Danskin, 1999). The 
extent of the sedimentary layer increases towards the valley floor, where thousands of feet of 
sediment overlay the bedrock. While the water table is only a maximum of 3 m below the surface 
on the valley floor, coarser alluvial sediment in the foothills has higher rates of infiltration and a 
much deeper water table. As a result, plants on the foothills have reduced access to water during 
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the dry season relative to the valley floor (Danskin, 1999). At higher elevations, shallow soil and 
granitic bedrock retain groundwater close to the surface throughout the year (Fig. 3.1). The water 
content of the shallow soil layer (0 - 30 cm) reduces significantly during the dry season, but the 
deeper soil layer is largely insensitive to seasonal variability (Blankenship et al., 2012). In the 
northern end of the valley, soils are thicker and more permeable due to the erosion of basalt from 
volcanism during the Miocene (Stewart, 2012). 
14 
 
Figure 3.1​. Hydrologic grouping of the soil layer input to SWAT. Valley fill and alluvium dominate the valley floor 
while the mountains on either side have less developed soil and more exposed bedrock. In the Northern half of the 
valley, south of Mono Lake, exposed volcanic bedrock is accompanied by highly permeable basaltic soil (Soil 
Survey Staff, 2018a; Soil Survey Staff, 2018b). 
 
3.3 Climate 
The Sierra Nevada have a typical mediterranean climate (Fig. 3.2). California has the 
most distinct wet and dry seasons of any state in the continental U.S., with 70% - 80% of annual 
precipitation occurring between November and April (He et al., 2018; Pandey 1999). Meltwater 
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surface runoff from high elevations and infiltration into groundwater aquifers sustains 
downstream ecosystems during the dry summer and fall. Moisture is brought in by southwesterly 
winds and storms from the Pacific Ocean (Pandey et al., 1999). Orographic uplift condenses the 
air, causing it to release moisture and create large amounts of precipitation on the western slope 
of the Sierra. Due to the orientation of the Sierra perpendicular to the dominant direction of 
moisture transport, the orographic effect is maximized. Somewhat moisture depleted air then 
passes over the crest of the range and descends into the Owens Valley (Pandey et al., 1999; 
Danskin, 1991). Most precipitation occurs during a few concentrated events arising from 
atmospheric rivers, long stretches of flowing atmospheric water vapor that result in very high, 
concentrated amounts of precipitation as they pass over the Sierra. Variability in the number and 
magnitude of these events annually leads to distinct wet and dry years (He et al., 2018). 
However, precipitation on the eastern side of the range is less associated with the orographic 
effect and may be more significantly dominated by other atmospheric dynamics. Relative to the 
western Sierra Nevada, the eastern side of the range has colder winters and sees more summer 
precipitation as a result of increased influence from the Great Basin (Dettinger et al., 2018).  
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Figure 3.2. ​Climatograph showing monthly average temperature and precipitation in the study area. Values were 
extracted from 800 m 30-year PRISM climate normals (PRISM, 2004). 
 
Despite the comparable height of the White and Inyo Mountains relative to the Sierra 
Nevada, they receive little annual precipitation. Storms from the Pacific that supply the Sierras 
with the majority of their precipitation are largely expended after passing over the range, 
resulting in an intense rain shadow effect in Owens Valley and the White Mountains. As a result, 
precipitation in the eastern Sierra Nevada is concentrated near the crest at higher elevations 
before adiabatic warming precludes condensation. 70%-80% of this precipitation falls as snow, 
accounting for the importance of the melt season for the valley’s hydrologic budget (He et al. 
2018). The crest of the eastern Sierra receives approximately 750 mm/yr of precipitation while 
the Inyo and White mountains receive 175-350 mm/yr and the valley floor only receives 125 
mm/yr, creating  a semi-arid to arid climate (Danskin, 1999). The western flank of the Sierra 
receives more precipitation than the east side due to the rainshadow effect that begins at the crest 
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of the Sierra. As elevations decrease from this point to the east, the decline in annual 
precipitation intensifies. 
Typical temperatures in the Owens Valley span a broad range and can generally be 
described as a function of elevation. They average between 16 °C on the valley floor to -1.5 °C 
at high elevations (Fig. 4.2). In the winter, the valley fluctuates between 0 °C in the winter and 
38 °C in summer. At high elevations, winter minimums average -12 °C and summer maximums 
are typically 15 °C. This gives the eastern Sierra the largest annual temperature variation of any 
other region in California (He et al., 2018). The precipitation and vegetation typical to the Owens 
Valley also influence the extent to which it absorbs and retains heat. The semi-arid valley floor is 
made up of rangeland composed mostly of brush and scrub. The discontinuous and short canopy 
does not trap heat effectively and does little to break the consistent winds coming down from the 
eastern Sierra or north from the southern end of the valley. As a result, the valley floor is prone 
to extreme temperatures and high variability. It is not uncommon for temperatures to range 25 °C 
in a single day.​ ​Due to warm temperatures, consistent wind, and infrequent cloud cover, Owens 
Valley also has high rates of evapotranspiration (Danskin, 1999). 
3.4 Surface Hydrology 
Snowpack volume and melt timing dominate the patterns of surface hydrology in the 
watershed. Surface runoff is greatly reduced during the summer and early fall as most snow has 
melted and there is very little precipitation. During warm years, the snowpack melts early and 
rapidly, concentrating flow to surface and groundwater systems. Limited infiltration results in a 
larger proportion of meltwater staying on the surface.  In contrast, during cooler years, gradual 
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winter snowmelt becomes runoff during the spring and early summer. Prior to the construction of 
the Los Angeles aqueduct (Fig. 3.3), runoff fed the Owens River, which terminated in Owens 
Lake. It is currently a playa as evaporation exceeds inflow and precipitation on the lake surface. 
 
Figure 3.3. ​Surface water of the study area including the mapped stream network, lakes and reservoirs (primarily 
Mono Lake and reservoirs surrounding Owens Lake), and the path of the Los Angeles Aqueduct through the valley 
and south toward Los Angeles (USGS, 2018).  
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3.5 Vegetation 
Steep gradients in precipitation and temperature with elevation drive sharp differences in 
ecological regimes (Fig. 3.4). Vegetation at low elevations is largely constrained by water 
availability while vegetation at high elevations is constrained by cold temperatures (Goulden and 
Bales, 2014).  Most plants at lower elevations are phreatophytes, sourcing much of their water 
from the saturated zone rather than from soil moisture (Danskin, 1999). Plants on the valley floor 
bear similarities to desert scrub and grass species and are tolerant of low water availability and 
saline soils. Due to the high water table at the valley floor, plants are less reliant on precipitation 
and instead draw on groundwater recharge coming from higher elevations. In contrast, plants on 
the edges of the valley are more reliant on precipitation and overland flow because they reside on 
alluvial fans and the water table is very far below the surface (Danskin, 1999). At higher 
elevations, cooler climates and increased water availability give rise to forests dominated by both 
broadleaf communities and conifers. Close to the crest, forests gradually give way to alpine 
tundra. At the highest elevations, ground is mostly barren except surrounding lakes and ponds 
(Minnich and Padgett, 2003). 
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Figure 3.4. ​Land cover delineations from the National Land Cover Database input into the SWAT model. Low 
elevations are dominated by shrub/scrub rangeland while higher elevations are predominantly evergreen forest. 
Ground classified as barren was reclassified as evergreen forest for the experimental vegetation scenario (Yang et 
al., 2018). 
 
4. Methods 
4.1 Input Data 
21 
To create the SWAT model input files, a 1 arc-second digital elevation model (DEM) 
was sourced from the U.S. Geological Survey 3D Elevation Project. The study area was then 
constrained to three watersheds delineated by the USGS watershed boundary dataset (HUC8) 
also sourced from the 3D Elevation Project (USGS, 2018). The calculated study area deviated 
slightly from this boundary, likely due to the resolution of the DEM. Surface slope data were 
next calculated from the DEM, and a mapped stream network from the National Hydrography 
Dataset was burned into the DEM to increase the accuracy of flow direction calculations. The 
SSURGO database was used for soil data. Missing data from the southern end of the study area 
were filled in using the lower-resolution STATSGO database (Fig. 3.1; Soil Survey Staff, 2018a; 
Soil Survey Staff, 2018b). The National Land Cover Database was used for vegetation and land 
use information (Fig 3.4; Yang et al., 2018).  
To delineate HRU’s, the minimum area threshold was set to 5% for land cover classes, 
10% for soil classes, and 10% for slope classes. The land cover threshold was set lower due to 
the low variability in land cover class within the study area. Slope classes are defined by the user 
and calculated from the DEM. Five classes were used for this model (0-15%, 15-25%, 25 – 45%, 
45-65%, and > 65%), the maximum number that can be defined in SWAT. These ranges resulted 
in slope classes of approximately equal area over the watershed. A total of 389 subbasins and 
4028 HRUs were delineated by the model using an initial grid size of 2000 for flow direction 
calculations (Fig. 4.1).  Each subbasin was also split into elevation bands to improve simulation 
of snow cover and accumulation. Subbasins with an elevation range of at least 250 m were split 
into between 5 and 10 elevation bands at 50 m intervals depending on the elevation range. 
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Figure 4.1. ​The hydrologic boundaries of the study area as delineated by SWAT. The watershed was split into 389 
subbasins, each of which has a stream connecting them to other subbasins. The points on the map show the location 
of stream gauges that were used to calibrate and validate the model, with the exception of the red points which were 
used for calibration only. Each point is located at the outlet of a subbasin.  
 
 
The model also requires data for minimum and maximum temperature, precipitation, 
humidity, wind speed, and solar radiation. Due to the difficulty of establishing and maintaining 
monitoring stations in the complex and difficult to access terrain of the Sierra Nevada, 
precipitation and temperature monitoring stations in the study area are sparse and 
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disproportionately clustered in lower elevation areas. SWAT uses a nearest-neighbor method to 
assign climate data to hydrologic units that do not contain a station with a linear adjustment for 
elevation, which tends to poorly represent changes in temperature and precipitation with 
elevation. As a result, the use of station data would poorly represent most regions of the study 
area, especially snow dominated catchments where most precipitation is concentrated (Henn et 
al., 2018, Raleigh et al., 2015; Lundquist et al., 2015). To overcome this problem, gridded 
datasets were used from the PRISM climate group at the University of Oregon (Fig. 4.2; PRISM, 
2004). PRISM datasets are derived from the combination of climate sensor networks operated by 
the USGS and other agencies. The data are then interpolated using tuned regressions in order to 
more accurately represent conditions in topographically complex regions with low sensor 
density. 4 km daily grids of minimum temperature, maximum temperature, mean temperature, 
precipitation, and dewpoint temperature were used in the model such that each grid cell 
represented a climate station. Mean and dew-point temperature data were extracted from 4 km 
PRISM datasets and used to estimate relative humidity via the August-Roche-Magnus 
approximation (Alduchov and Eschridge, 1996). Solar radiation and wind speed were both 
simulated by the model based on long-term climatic means. Methods used to simulate these data 
can be found in Neitsch et al. (2011). 
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Figure 4.2. (Top) ​30-year PRISM normals of annual precipitation (mm) and annual mean temperature (°C) over the 
study area. ​(Bottom) ​The pattern of annual precipitation used in future simulations with adjustment for the warming 
scenario.  
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4.2 Calibration 
Stream gauge data for comparison with simulated flows were obtained from the USGS 
(USGS, 2016). Data from 24 stream gauges were used for calibration and data from 22 of these 
were used for validation (Fig. 4.1). Calibration was performed in SWAT CUP (Calibration 
Uncertainty Program), using the SUFI-2 (Sequential Uncertainty FItting) method. In each 
iteration, the values of parameters were determined using Latin hypercube sampling, where 
random values within set ranges were selected from a multidimensional matrix of possible 
parameter combinations. In each iteration, 500 runs were performed to obtain an approximate 
distribution of each variable’s effect on the fit of the model. The SUFI-2 method uses a 
combination of matrices calculated for the 95% confidence interval of the iteration, the range of 
that interval relative to the standard deviation of observations, and a series of matrices evaluating 
the first and second order relationships between parameters to reduce the range of calibration 
parameters with each successive iteration (Abbaspour, 2013; Abbaspour et al., 2004). Years 
1986-1999 were used for model calibration and years 2000-2017 were used for validation. The 
model warmed up from 1981-1985 during calibration. All runs of the model were done using 
SWAT 2012 revision 670. 
4.2.1 Parameters 
Parameters were selected for calibration based on the sensitivity analysis done by 
Grusson et al. (2015) for SWAT calibration in alpine watersheds (Table 4.1). The 19 parameters 
found by Grusson to be sensitive were included in this study with the addition of a surface runoff 
lag parameter due to the large size of subbasins and the study area. Because the eastern Sierra 
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Nevada are largely snow dominated, most parameters adjusted during calibration control snow 
accumulation and melt. In addition, groundwater parameters that affect the storage and 
transportation of meltwater and especially affect the persistence of flow between precipitation 
events and during the dry season were included in the calibration, as were temperature and 
precipitation lapse rates that modify a subbasin’s temperature and precipitation data based on 
elevation bands. Because only one climate and precipitation station can be associated with each 
subbasin, determination of lapse rates is essential to simulating conditions in regions with high 
variability in temperature and precipitation. Initial parameter ranges were determined based on 
default values and the recommendations made in the SWAT documentation (Arnold et al., 
2012b), the findings of Grusson et al. (2015), other studies in the region (Ficklin et al., 2012b; 
Burke and Ficklin, 2017), studies assessing the physical parameters of the region (see Section 3), 
and knowledge of the region’s characteristics. However, limitation of ranges was done 
conservatively to reduce the risk of eliminating a solution. 
TABLE 4.1.​ Parameters adjusted for calibration, default values, and descriptions adapted from Arnold et al., 2012b. 
Parameter Description 
Lapse Rates  
TLAPS Temperature lapse rate (°C/km) 
PLAPS Precipitation lapse rate (mm H​2​O/km) 
  
Snow  
SFTMP Snowfall temperature 
SMTMP Snowpack melt temperature 
SMFMX Snowmelt adjustment factor on June 21st (mm H​2​O/day) 
SMFMN Snowmelt adjustment factor on December 21st (mm H​2​O/day) 
27 
SNOCOVMX Minimum snow thickness for 100% ground cover (mm H​2​O) 
SNOWCOV50 Percent of SNOCOVMX representing 50% areal cover  
TIMP Snowpack temperature lag factor. Values approaching 1 represent increasing effect of 
air temperature on snowpack temperature. 
SURLAG Surface runoff lag factor (days) 
  
Groundwater  
ESCO Soil evaporation factor. Values approaching 1 reduce the extent which evaporation can 
draw moisture up from deeper soil. 
ALPHA_BF Baseflow factor. Affects groundwater response to recharge. 0.1-0.3 for unresponsive 
aquifers and 0.9-1.0 for responsive aquifers. 
GWQMN Shallow aquifer height required for flow (m) 
RCHG_DP Fraction of groundwater from soil which percolates to the deep aquifer 
GW_REVAP The extent to which water can move from the shallow aquifer to the soil layer through 
capillary action. 0 represents no movement of water. Values should be between 0.02 
and 0.2. 
CANMX Maximum vegetation canopy storage (mm H​2​O) 
CN2 SCS soil runoff coefficient. Converts major soil hydrologic groups to values 
describing runoff with slope. 
SOL_AWC Soil water content (mm H​2​O/mm soil) 
REVAPMN Minimum depth of the shallow aquifer for percolation to the deep aquifer to occur. 
GW_DELAY Delay of groundwater flow entering main channel (days) 
 
The heterogeneity of the Sierra’s complex terrain made developing a calibration strategy 
challenging. Particularly for groundwater, sediment thickness and characteristics and the 
influence of shallow and deep aquifers are extremely variable between higher elevations and the 
valley floor (Danskin, 1999). Attempts to generalize these parameters over the entire watershed 
could fail to accurately represent the difference in behavior between these regions, affecting 
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runoff timing and the ability of the model to maintain persistent baseflow. Other large-scale 
studies have shown that where spatial heterogeneity of optimal parameter values is likely to be 
significant, incorporating geographic or otherwise characteristic groupings in the calibration 
process can greatly improve model calibration (Abbaspour et al, 2015; Daggupati et al., 2015; 
Grusson et al., 2015). Therefore, groundwater parameters were split into three groups by slope 
classes, allowing variation of groundwater parameters on the HRU level. Areas with high slope 
correspond almost exclusively to areas of higher elevation and form a nearly continuous band 
around the rim of the study area. While subbasins would have been preferable for delineation, 
many subbasins extend from high elevations down to the valley floor, making them unsuitable 
for delineating zones of differing groundwater dynamics. Additional stratification of lapse rates 
and snow parameters between the Sierra and the White Mountains would have been ideal, 
however no stream gauges on the eastern side of the valley were available during this time period 
to evaluate this relationship. 
4.2.2 Procedure 
In determining the number and order of iterations, developing accurate relationships 
between parameters was prioritized over shrinking parameter ranges. Parameters were split into 
three groups by variable type (lapse rates, snow, and groundwater) to minimize confounding 
effects (Abbaspour et al., 2017). Calibration was performed in three rounds, each round 
containing an iteration of each group. Each iteration was made up of 500 runs, with the resulting 
best parameter values being held fixed for subsequent iterations of other parameter groups. The 
calibration value ranges of each parameter for rounds two and three were derived from the 
ranges calculated by SUFI-2 for the parameter in the previous iteration of that group. While 
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some studies have found success using few iterations with more runs (Grusson et al., 2015; Yang 
et al, 2008), doing more small iterations allows more opportunities for relationships between 
parameters to be established and minimizes the number of runs being done on unlikely values. 
After the second round of iterations, it became clear from preliminary analysis of the 
calibration that hydrographs from some of the stream gauges were unlikely to be replicated due 
to severe underestimation of magnitude. In one case, the best simulation predicted no streamflow 
while the observed record showed steady flow of at least 0.25 m​3​/s. Most of the subbasins with 
underrepresented flow were small and located at the edge of the study area, encompassing almost 
exclusively high elevations. As these subbasins are particularly important for snowpack 
development, the calibration procedure for the third round was modified to allow for more 
heterogeneity and covariance between parameter groups. Lapse rates were divided into 
predominantly low and high elevation subbasins, and were left in during the snow and 
groundwater iterations of the third round in hopes of narrowing their ranges and addressing any 
covariance issues in a minimal number of runs. 
Throughout the process, weighted R​2​ (called bR​2​) was used as the objective function to 
evaluate the performance of the model against stream gauge data and to narrow the range of 
calibration parameters. In the final model, the Nash-Sutcliffe efficiency coefficient (NSE) and 
traditional R​2​ were also used to evaluate performance. bR​2​ incorporates the slope used in the R​2 
regression with the R​2​ value to increase the importance of systematic error in determining model 
fit and reduces the impact of extreme values (Krause et al., 2005). In comparison with traditional 
R​2​, it also shows whether the explanatory power of the model is a result of systematic over- or 
30 
underestimation. Satisfactory values for watershed-scale hydrologic models are typically R​2​ > 
0.6, NSE > 0.5 (Moriasi et al., 2015). 
  
 
4.2.3 Calibration Results 
Final calibrated values and their 95% confidence ranges are shown in table 4.2. As shown 
in table 4.3, only one gauge in the calibration set had an R​2​ value above the 0.6 threshold, with 
many R​2​ values below 0.1. In the validation set, there was also only one gauge exceeding the R​2 
threshold. bR​2​ values are inherently lower than R​2​, but they also show much lower values for 
gauges with poor fit than R​2​. The overall R​2​ for neither the calibration or validation set met the 
R​2​ threshold of 0.6. Despite this, results were consistent across the calibration and validation 
sets, with summary statistics from both showing good agreement. Of the gauges that did meet the 
threshold, 246 is a small subbasin at the crest of the Sierra. 239 is larger and spans a broader 
range of elevation. Both subbasins are at high elevations, but 239 is more removed from the edge 
of the study area and has a lower maximum elevation. Both are headwaters for their respective 
streams, had low baseflow, and high peak flow. 
Table 4.2.​ Calibration parameters, the range that was tested. The best parameter value is in parentheses. 
Parameter Ranges Final Range 
Lapse Rates Iteration 1 Iteration 4* Iteration 7*  
TLAPS -20 - 10 (2.23) -8.891 - 13.35 (3.276) -6.0 - 5.0 (3.911) -5.383 - 4.644 (3.849) 
PLAPS -500 - 1500 (-462) -1443 - 519.2 (-1300) -500 - 1000 (-423.5) -1580 - -769.3 (-1174) 
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  Iteration 8 Iteration 9  
  -1.046 - 8.878 (4.179) 1.565 - 6.792 (3.849)  
  -1135 - 288.4 (-1082) -1768 - -396.98 (-1174)  
     
Snow Iteration 2 Iteration 5 Iteration 8  
SFTMP -2 - 4 (-0.518) 0.462 - 5.390 (4.271) 2.366 - 6.176 (4.252) 3.290 - 5.214 (4.252) 
SMTMP -2.5 - 3.5 (2.570) -0.338 - 3.990 (2.064) 0.863 - 3.265 (1.883) 1.193 - 2.575 (1.883) 
SMFMX 0 - 10 (0.250) 0 - 6.426 (5.327) 2.663 - 7.993 (6.985) 4.823 - 9.147 (6.985) 
SMFMN 0 - 10 (8.650) 0 - 5.906 (0.230) 0 - 3.069 (1.642) 0.821 - 2.463 (1.642) 
SNOCOVMX 0 - 200 (117) 32.28 - 144.1 (106.0) 69.13 - 142.8 (104.4) 85.23 - 123.6  (104.4) 
SNOWCOV50 0.1- 0.9 (0.350) 0.321 - 0.764 (0.653) 0.487 - 0.820 (0.635) 0.542 - 0.727 (0.635) 
TIMP 0 - 20 (0.450) 0.01 - 0.534 (0.025) 0 - 0.279 (0.037) 0 - 0.158 (0.037) 
SURLAG 0 - 20 (16.14) 0 - 12.13 (4.088) 0.067 - 8.109 (7.827) 3.946 - 11.71 (7.827) 
     
Groundwater Iteration 3 Iteration 6 Iteration 9  
ESCO 0.1 - 1.0 (0.736) 0.303 - 0.911 (0.662) 0.351 - 0.784 (0.629) 0.490 - 0.769 (0.629) 
ALPHA_BF 0 - 1 (0.085) 
0 - 1 (0.607) 
0 - 1 (0.127) 
0 - 0.543 (0.323) 
0.303 - 0.911 (0.662) 
0 - 0.564 (0.236) 
0.161 - 0.484 (0.341) 
0.483 - 0.842 (0.602) 
0.072 - 0.400 (0.200) 
0.251 - 0.430 (0.341) 
0.481 - 0.722 (0.602) 
0.101 - 0.300 (0.200) 
GWQMN 100 - 1000 (982) 
500 - 2000 (1854) 
100 - 1000 (844) 
541.4 - 1424 (1031) 
1177 - 2531 (2454) 
472.1 - 1216 (690.2) 
786.3 - 1276 (1055) 
1818 - 3093 (2949) 
426.9 - 953.4 (497.0) 
920.9 - 1190 (1055) 
2382 - 3516 (2949) 
268.7 - 725.3 (497.0) 
GW_REVAP 0.02 - 0.2 (0.196) 
0.02 - 0.2 (0.043) 
0.02 - 0.2 (0.167) 
0.108 - 0.284 (0.254) 
0 - 0.121 (0.112) 
0.093 - 0.200 (0.169) 
0.181 - 0.327 (0.324) 
0.056 - 0.168 (0.071) 
0.131 - 0.206 (0.190) 
0.253 - 0.396 (0.324) 
0.023 - 0.120 (0.071) 
0.160 - 0.219 (0.190) 
RCHRG_DP 0 - 0.7 (0.008) 
0 - 0.7 (0.124) 
0 - 0.7 (0.188) 
0 - 0.354 (0.233) 
0 - 0.412 (0.307) 
0 - 0.444 (0.095) 
0.117 - 0.350 (0.117) 
0.153 - 0.460 (0.161) 
0 - 0.269 (0.134) 
0.001 - 0.234 (0.117) 
0.010 - 0.311 (0.161) 
0.067 - 0.202 (0.134) 
REVAPMN 0 - 1000 (279) 
0 - 1000 (27) 
0 - 1000 (483) 
0 - 639.6 (24.94) 
0 - 513.6 (287.1) 
224.4 - 741.6 (383.2) 
0 - 332.3 (3.656) 
143.5 - 430.7 (259.8) 
203.9 - 562.4 (417.2) 
-160.7 - 168.0 (3.656) 
174.4 - 345.3 (259.8) 
310.6 - 523.9 (417.2) 
CANMX 0 - 100 (72.5) 
0 - 100 (88.5) 
0 - 100 (84.6) 
36.24 - 108.8 (90.70) 
44.24 - 132.8 (130.5) 
26.88 - 142.3(37.15) 
63.46 - 117.9 (78.45) 
87.38 - 173.7 (126.1) 
0 - 89.75 (53.04) 
58.69 - 98.20 (78.45) 
102.4 - 149.9 (126.1) 
26.51 - 79.57 (53.04) 
CN2 (relative) -5 - 5 (-0.230) 
-10 - 10 (3.780) 
-20 - 20 (-17.08) 
-2.846 - 2.236 (-1.083) 
-3.112 - 10.67 (-3.098) 
-35.62 - 1.460 (-22.96) 
-2.818 - 0.652 (0.128) 
-9.985 - 3.788 (-1.074) 
-35.20 - -10.75 (-17.48) 
-1.345 - 1.601 (0.128) 
-5.531 - 3.384 (-1.074) 
-26.34 - -8.615 (-17.48) 
SOL_AWC 
(relative) 
-0.5 - 0.5 (0.203) 
-0.5 - 0.5 (0.487) 
-0.5 - 0.5 (0.365) 
0 - 0.555 (0.016) 
0 - 0.981 (0.297) 
0 - 0.798 (0.006) 
0 - 0.285 (0.129) 
0 - 0.639 (0.502) 
0 - 0.402 (0.201) 
0.051 - 0.207 (0.129) 
0.251 - 0.752 (0.502) 
0.101 - 0.302 (0.201) 
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GW_DELAY 1 - 90 (9.989) 
1 - 90 (5.539) 
1 - 90 (6.073) 
0 - 50.00 (38.65) 
0 - 47.78 (1.194) 
0 - 48.46 (39.35) 
19.32 - 57.98 (46.27) 
0 - 24.49 (13.35) 
19.67 - 59.03 (23.65) 
32.79 - 59.74 (46.27) 
6.671 - 20.02 (13.35) 
5.950 - 41.34 (23.65) 
* Best parameters from iteration 4 were not used in iterations 5 and 6 as the value was deemed too unrealistic. 
Instead, PLAPS was fixed at -400 mm/km and the ranges of TLAPS and PLAPS were reset for the 3rd round of 
calibration to ensure they had not settled on incorrect values. 
 
Table 4.3​. R​2​, NSE, etc. for base model, calibration period, and validation period. The shaded rows indicate the 
gauges included in the reduced set. 
 Calibration (1981-1999) Validation (2000-2017) 
Subbasin NSE R​2 bR​2 NSE R​2 bR​2 
25 -1.24 0.5 0.016 -0.93 0.45 0.012 
32 -0.11 0.14 0.040 -0.16 0.11 0.021 
55 0.12 0.27 0.022 0.05 0.21 0.014 
56 -2.81 0.08 0.005 -0.56 0.06 0.014 
99 -6570 0.08 0.008 -1205.78 0.03 0.007 
101 -1.88 0 0.000 -4.2 0.03 0.011 
103 -133.7 0.14 0.043 0.01 0.27 0.145 
108 0.2 0.32 0.045 -0.1 0.01 0.000 
126 -0.1 0.02 0.000 -0.14 0.03 0.001 
136 -5.86 0.11 0.005 -1.68 0.28 0.047 
210 -2836 0.12 0.008 -2532.24 0.06 0.006 
211 -82.61 0.04 0.032 -110.12 0 0.000 
212 -44.52 0.04 0.035 -- -- -- 
214 -6.98 0.11 0.100 -20.39 0.03 0.029 
219 -1.59 0.01 0.000 -6.2 0.00 0.000 
229 -118.7 0.01 0.002 -79.94 0.01 0.003 
232 -0.82 0.44 0.062 -0.66 0.38 0.051 
235 -5.34 0.5 0.331 -3.64 0.18 0.122 
239 -0.07 0.35 0.230 0.45 0.67 0.647 
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240 -1.82 0.08 0.005 -2.15 0.06 0.004 
246 0.63 0.78 0.551 0.28 0.48 0.334 
250 -0.44 0.53 0.501 -5.3 0.42 0.361 
252 -124.1 0.04 0.023 -- -- -- 
257 -2.97 0 0.000 -4.11 0.00 0.00 
 -414.2 0.189 0.083 -180.8 0.171 0.083 
Reduced 
Total 
-28.50 0.300 0.141 -20.64 0.278 0.139 
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Figure 4.3.​ Hydrographs comparing observed stream gauge data with the best estimate of parameters determined by 
calibration. While the bottom hydrograph has an R​2​ value below the stated threshold of 0.01 for the reduced set, the 
R​2​ value for the subbasin in the calibration set was 0.04. 
 
The values estimated for most parameters are within realistic and expected values for the 
region. However, precipitation and temperature lapse rates show precipitation decreasing with 
elevation and temperature increasing with elevation, which is contrary to what was expected 
given the orographic effect and previous studies (Lundquist et al., 2015; Lundquist et al., 2008; 
Pandey et al., 1999). Temperature and precipitation lapse rates only modify values within 
elevation bands, which may be a possible explanation for this relationship. Elevation bands were 
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generated for subbasins with at least 250 m of elevation difference in order to compensate for 
differing precipitation and snowmelt rates in watersheds spanning a wide range of elevation. 
However, this threshold may have been too low to select only subbasins where there was actually 
a difference in these variables over the elevation range, adding noise to the estimate of the lapse 
rates.  
Another potential cause for the relationship is likely the conversion of PRISM grids to 
subbasin data by SWAT. Because SWAT only accepts one set of temperature and precipitation 
data per subbasin, using gridded data required SWAT to pick a point from the grid to use as the 
“climate station” for the subbasin. Although input values are adjusted based on the elevation of 
the station within the subbasin, this can create a discrepancy in precipitation values between 
subbasins if the relationship between low elevation and high elevation precipitation cannot be 
resolved with a linear lapse rate (Grusson et al., 2017; Yang et al., 2014; Lundquist et al., 2007). 
Especially in mountainous regions, a single subbasin can extend over a large range of elevations 
such that points in the subbasin can fall in dramatically different climate regimes. As these 
subbasins likely encompass more than a single grid cell, it is important to ensure the model’s 
choice of grid cells from the input dataset are consistent in factors such as elevation and climate 
regime in order to eliminate unnecessary disagreement between subbasin conditions. 
Sporadically low and high simulated flows in geographically similar subbasins indicate that the 
observed precipitation record is being incorporated differently between local subbasins. As 
precipitation is the driving factor in simulation and therefore calibration, misrepresentation of it 
affects the values derived for all other parameters. However, because the PRISM data shows 
such a strong temperature and precipitation gradient with elevation, the resulting precipitation 
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and temperature distribution in the watershed still shows (much weaker) gradients in the proper 
direction despite the misrepresentation of data in subbasins and adjustment by TLAPS and 
PLAPS. 
In order to address the extremely poor fit of some of the gauges, a reduced set of gauges 
was used for analysis. To minimize the obvious bias of this approach, only gauges with bR​2 
values less than 0.01 in the calibration set were removed as the simulated hydrographs from 
many of these showed near-zero flow and did not represent the trends of the observed data. The 
resulting reduced set comprised 14 gauges, 2 of which do not extend into the validation period. 
Many of these gauges still did not fit the observed data well, but flow values were generally 
within the correct order of magnitude (Fig. 4.3). Of the gauges excluded, some were from 
downstream subbasins, but others were at high-elevation headwaters and were in close proximity 
to other subbasins with high R​2​ and bR​2​ values. The distribution of excluded subbasins shows no 
apparent regional or elevation bias, which strengthens the evidence for the source of the 
discrepancy being incorrect input data. However, subbasins downstream of ones which were 
poorly simulated accumulate their error, reducing the level of fit these subbasins can achieve 
even with correct temperature and precipitation data.  
Caution should be taken when generalizing results of analysis over the entire watershed. 
Future studies should validate the distribution of simulated temperature and precipitation values 
against observed data following model construction before proceeding with calibration. 
Additionally, increasing the number of elevation bands in subbasins to the maximum of 10 
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would likely improve the accuracy of parameter estimates and reduce issues in subbasins with 
wide elevation ranges. 
4.2.4 Comparison With The Los Angeles Aqueduct 
Outflow from the southernmost subbasin in the study area and the subbasin representing 
Lee Vining Creek were summed to compare SWAT output to recorded flow in the Los Angeles 
Aqueduct. SWAT simulated that an average of 40,572 km​3​/yr entered the aqueduct over the 
years 1981-2016. However, measured outflow in the aqueduct averaged 323,897 km​3​/yr over the 
same period, highlighting the model’s underestimation. Under the assumption that 
underestimation is a result of modeling error rather than misrepresentation of the watershed’s 
physical characteristics, SWAT values can be multiplied by an adjustment factor to derive an 
approximate relationship between SWAT output and the observed aqueduct record. By adjusting 
runoff values, changes to potential future runoff into the aqueduct under the experimental 
scenarios can be contextualized. 
While the model clearly misrepresented runoff magnitude, additional analysis was done 
to evaluate the degree to which the model replicated variability in the observed record. The 
results of a linear regression of aqueduct runoff on adjusted SWAT runoff are shown in figure 
4.4. Despite issues with the model described earlier, adjusted stream flow volume is within one 
order of magnitude of the observations and generally agrees with the direction and magnitude of 
interannual variability in the aqueduct record. Dashed lines show the 5-year running average of 
annual flow, which exhibit smaller differences compared to the annual data. Using a linear 
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regression on the annual data, an adjustment factor of 9.37 was derived for use in interpreting 
experimental results. 
 
Figure 4.4. ​Comparison between historic LA Aqueduct record and the adjusted simulated outflow from the 
watershed produced by SWAT. Dashed lines represent the 5-year running average of each dataset. A regression of 
the SWAT outflow on the record from the LA Aqueduct resulted in​ ​R​2​ = 0.337. 
 
4.3 Experiments  
Two experiments (detailed below) were run using the model to assess the impact of 
projected changes to temperature, precipitation, and vegetation on watershed output. In order to 
assess the effects of climate change, experiments were run for RCP 4.5 and RCP 8.5 climate 
scenarios. These scenarios, defined by the Intergovernmental Panel on Climate Change (IPCC), 
represent an increase of 4.5 W/m​2​ and 8.5 W/m​2​ of energy reaching the Earth’s surface as a result 
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of climate change. For each of the warming scenarios, two more experiments were run to 
simulate the effect of upslope expanded vegetation due to increased temperatures and increased 
plant productivity with higher CO​2​ concentrations. The primary measure used to assess the effect 
of these changes is flow center timing (CT). CT represents the julian day of the hydrologic year 
(10/1 - 9/30) by which half the total flow volume has occurred such that earlier CT represents 
earlier melting as a result of some combination of reduced snowpack and higher temperatures. In 
the context of water resources, the measure is a proxy for the length of the dry season for which 
water managers must have sufficient reserves. CT was calculated annually for each subbasin in 
the study area. The annual amount of evapotranspiration (ET) and potential evapotranspiration 
(PET) in each subbasin was also used to evaluate changes. 
4.3.1 Temperature & Precipitation 
Temperatures in the Sierra are projected to increase by 3 to 5 °C by the end of the 
century, driving a  500 to 900 m increase in snow line elevation and 60% reduction in snow pack 
volume as a greater proportion of precipitation falls as rain instead of snow (Dettinger et al., 
2018). Projected temperature and precipitation changes taken from a report produced for 
California’s 4th Climate Change Assessment were used to simulate runoff in the Owens Valley 
in the future under RCP4.5 and RCP8.5 scenarios (Table 4.4; He et al., 2018). The report 
averaged the projections from 10 downscaled Global Climate Models (GCM’s) selected to best 
represent California’s climate and included minimum temperature, maximum temperature, dry 
season precipitation, and wet season precipitation changes. Values were provided for 40 year 
periods from 2020-2059 and 2060-2099 and taken relative to the historic baseline of 1950-1990. 
To input these data into SWAT, PRISM temperature and precipitation data from 1981-2016 were 
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repeated so that they encompassed the period 1981-2099. This was done to best maintain the 
regional climate characteristics and interannual variability. The values were then adjusted with a 
step change for the years representing the mid- and late-century periods provided in the Climate 
Change Assessment. Early century years (1991-2019) were adjusted with a step change 
calculated by interpolating between historic and mid-century values to compensate for warming 
that has occured since the baseline period (Table 4.4). Repeated PRISM data from this period 
were adjusted to correct for early century climate change. 
Table 4.4.​ Projected percent change in temperature and precipitation relative to a 1951-1990 baseline. Projected 
changes are from California’s Climate Change Assessment (He et al., 2018) based on the results of 10 downscaled 
GCMs selected for their suitability to modelling California’s Climate.  
 Years Annual Prcp.  Wet Season Prcp. Max Temp. Min Temp. 
RCP 4.5 
1991-2019 -0.05 2.55 1.15 1 
2020-2059 -0.1 5.1 2.3 2 
2060 - 2099 -1.1 4.3 2.7 2.4 
RCP 8.5 
 
1991-2019 -0.25 1.9 1.65 1.5 
2020-2059 -0.5 3.8 3.3 3.0 
2060 - 2099 2.4 7.7 5.1 4.8 
 
4.3.2 Vegetation 
Notably lacking from past modeling studies has been incorporation of the effect of 
upslope expansion of vegetation and increased vegetation density on evapotranspiration and 
surface runoff. The volume of streamflow is negatively related to the amount of vegetation due 
to increased evapotranspiration and interception, which results in a smaller portion of water input 
entering surface runoff (Hunsaker et al., 2014). Although it is more difficult to model than other 
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climatic changes, increases in evapotranspirative water demand may be very large and have the 
potential to overshadow other hydrologic changes (Goulden and Bales, 2014).  
Vegetation at high elevation is presently constrained by cold temperatures. Under 
warming scenarios, this vegetation is projected to move dramatically upslope as a result of more 
habitable temperatures (Goulden and Bales, 2014). Upslope vegetation expansion was 
approximated by replacing the barren land cover classification with the characteristics from the 
evergreen forest class, which is dominant at high elevations in the study area. SWAT calculates 
plant growth using a heat unit model. Days with temperatures above a minimum threshold for the 
plant type are counted towards growth. Periods of growth also determine the timing of 
evapotranspiration throughout the year. Changing land cover characteristics immediately 
changes barren land to forest, but the plants are dormant for much of the year due to low 
temperatures until warming occurs. However, this approximation does not take into account 
changes to soil over time with increased plant activity. Upslope vegetation movement is 
dependent on the presence of soil to support it. It should also be noted that, in SWAT, high 
temperatures do not hinder plant growth, potentially causing overestimation at low elevations. 
Projected CO​2​ increases from the IPCC 5th Assessment Report were also input to the 
model (IPCC, 2013). Higher atmospheric CO​2​ concentration increases the plant growth rate and 
reduces water demands. It does this by increasing the efficiency by which solar radiation is used 
by vegetation and increasing the rate at which leaves can exchange carbon dioxide and water 
vapor. This ultimately results in higher maximum biomass and changes to the interactions 
between land cover, radiation, and heat transfer. CO​2​ changes were simulated every 20 years to 
align with changes to temperature and precipitation. The projected concentration for the middle 
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of the period was used to provide the most representative estimate for the years simulated (Table 
4.5).  
TABLE 4.5.​ Adapted IPCC projections of atmospheric CO​2 ​concentration under RCP4.5 and RCP8.5 warming 
scenarios (IPCC, 2013). Original values were by decade, so the value of the middle decade was chosen to represent 
the entire range. 
 
Years CO​2​ RCP 4.5 (ppm) CO​2​ RCP 8.5 (ppm) 
2020 - 2039 435.0 448.8 
2040 - 2059 486.5 540.5 
2060 - 2079 524.3 677.1 
2080 - 2099 533.7 844.8 
 
5. Results 
5.1 Streamflow Timing 
Comparison of flow center timing (CT) between scenarios shows complex interactions 
between temperature, precipitation, and vegetation changes over the modeled time period (Fig. 
5.1). Unlike most predictions from the literature (Dettinger et al., 2018; Goulden and Bales, 
2014), there is no dramatic change in flow center timing in either warming or combined warming 
and vegetation scenarios. Instead, in the results of linear regressions of the CT from each 
scenario over time, CT actually has a positive coefficient in all but the RCP 8.5 warming 
scenario (Table 5.1). In figure 5.1, with the exception of RCP 4.5, more outliers are present, 
especially in RCP 8.5 scenarios. Instead of variability increasing uniformly, extreme values are 
more extreme, and the interquartile range (IQR) does not increase. This effect seems to be 
especially prevalent in years with early flow centers and in the RCP 8.5 scenarios. From 
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2020-2099, the RCP 8.5 scenario estimates that flow center time will occur on average 32 days 
earlier relative to 1950-1990, the baseline period for the climate projections. This agrees well 
with both previous modeling and observational studies of flow center changes in the eastern 
Sierra Nevada (Stewart et al. 2012). 
However, comparing the RCP 8.5 experiments, the addition of vegetation nullifies the 
statistically significant trend towards earlier streamflow. Additionally, while the difference 
between RCP 4.5 and RCP 8.5 without vegetation change is large, there is no difference between 
the mean or trend during these scenarios once changes to vegetation are incorporated. This 
suggests vegetation changes may have more complex interactions with certain climates than 
previously thought.  
Because analysis of flow center timing is done on sets of stream gauges at different 
elevations, the actual date of the flow center cannot be compared between studies. Streams at 
high elevations have flow centers approximately 30 - 40 days later than lower elevation 
catchments (Hunsaker et al., 2012). Because most of the subbasins in the reduced set are from 
high elevations and primarily located in only one part of the watershed, the results here may not 
be representative of the elevation distribution or geographic distribution of snowmelt timing. The 
bias towards later flow center timing should be taken into account in the interpretation of the 
results. 
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Figure 5.1. ​The black line shows the result of the linear regression of center time against year. Each point represents 
the flow center date of a single subbasin for a single year. 
 
Table 5.1. ​Summary statistics for each experiment. Center flow dates are in Julian days relative to the hydrologic 
year (10/1 - 9/30). 
Scenario IQR Mean 
(days) 
Std. Dev. Coefficient p-Value (t-Statistic) 
RCP 4.5 25 274.47 21.27 0.002 0.94 (0.08) 
RCP 4.5 + Vegetation 25.75 274.05 21.04 0.020 0.48 (0.70) 
RCP 8.5 27 266.44 49.59 -0.401 0.00 (-10.43) 
RCP 8.5 + Vegetation 25 273.56 21.63 0.010 0.724 (0.35) 
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5.2 Evapotranspiration 
To better understand the connection between vegetation and water demand within the 
watershed, evapotranspiration (ET) and its relationship with potential evapotranspiration (PET) 
were analyzed by evaluating annual ET and PET in subbasins in the reduced analysis set over the 
study period. Because PET is unconstrained by the actual availability of water within the system, 
its behavior in relation to ET indicates whether ET is being driven or constrained by water 
supply. ET and PET from the four experimental scenarios were broken into groups by decade 
due to the repeating wet and dry periods in the observed dataset (Figure 5.2). By log 
transforming the data of ET and PET values, extreme variability between subbasin-years is 
compressed. As Owens Valley comprises everything from semi-arid desert to alpine tundra, 
significant variability is expected. 
ET in scenarios with vegetation changes is much more responsive than control scenarios 
to changes in PET during wet and dry periods (Fig 5.2). Control vegetation scenarios with only 
temperature and precipitation changes do not respond to periods of low PET. During periods of 
high PET, ET in the vegetation group is higher on average, and variability between subbasins is 
lower than in the control vegetation scenarios. The changes in vegetation scenarios align well 
with expectations, as reducing barren land in the watershed both creates more plants to increase 
overall ET and increases homogeneity between subbains. However, given elevated levels of CO​2​, 
water demand could also be expected to decrease as much as 40% as leaf stomata do not need to 
open as wide to procure CO​2​, reducing the amount of water lost to the atmosphere (Morrison, 
1987).  
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The amplitude of PET change in both wet and dry periods are greater than in scenarios 
with unchanged vegetation. The points overlaying the boxplot (Fig. 5.2) show the distribution 
and frequency of PET values for the given decade. Variability in their vertical position represents 
interannual and seasonal changes to PET.  Compared to the unchanged vegetation cases, PET 
reaches more extreme values during wet and dry periods and the distribution responds more 
strongly to short-term interannual perturbations. Because barren land in the watershed was 
converted to forest in the vegetation experiment, more significant seasonal variability could be a 
result of a larger proportion of trees in the watershed reducing growth and production during 
cold winter temperatures. One trend that is not seen, however, is divergence between wet and dry 
period ET. As more area at cold constrained elevations becomes unconstrained, maximum ET 
would be expected to increase, however no scenario shows either a positive or negative trend in 
ET over time (Goulden and Bales, 2014). 
The most pronounced difference between the sets of experiments is the high variance in 
scenarios with vegetation change during periods of low PET, with at least 25% of subbasins in 
the group recording zero ET. A significant number of PET observations are clustered at zero as 
well, which represent subbasins receiving no water during dry periods. While this result is 
unrealistic and generates some concern regarding the lack of persistent water supply simulated 
by SWAT, it does allude to the sensitivity of a fully vegetated watershed. With low ET and PET, 
there is little available water in the system to evaporate or transpire, which limits plant growth 
and further restricts ET. 
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Figure 5.2.​ Scattered grey points show monthly PET values grouped by decade. Blue and red points are outliers for 
the given decade. Strongly negative values in the vegetation scenarios represent ET going to zero. 
 
Table 5.2. ​Summary statistics of ET and PET values by scenario. Statistics include the result of linear regressions of 
ET and PET values over time to determine whether they have changed significantly over the simulation period. 
Mean and standard deviation are split to represent characteristics of both wet and dry periods.  
48 
 
Scenario  IQR Mean 
(Low 
PET) 
Mean 
(High 
PET) 
Std. Dev. 
(Low PET) 
Std. Dev. 
(High 
PET) 
Coefficient p-Value 
(t-Statistic) 
RCP 4.5 ET 2.302 3.044 2.998 1.201 1.212 0.023 0.00 (3.46) 
 PET 2.163 3.853 3.789 1.510 1.508 0.002 0.25 (0.80) 
RCP 4.5 + 
Vegetation 
ET 10.831 -3.760 3.312 4.543 2.377 0.027 0.00 (3.96) 
PET 11.284 -3.553 3.925 4.814 2.613 0.042 0.00 (6.10) 
RCP 8.5 ET 2.241 3.088 3.048 1.177 1.186 0.026 0.00 (3.95) 
PET 2.153 3.905 3.851 1.501 1.498 0.001 0.50 (0.67) 
RCP 8.5 + 
Vegetation 
ET 10.817 -3.747 3.913 4.559 2.733 0.025 0.00 (3.84) 
PET 11.305 -3.538 3.913 4.814  2.733 0.040 0.00 (5.78) 
 
5.3 Watershed Output 
The results from each scenario were adjusted using the relationship derived in section 
4.2.4 to best approximate output into the Los Angeles Aqueduct. The series are shown in figure 
5.3 along with the IQR and mean annual volume of the Los Angeles Aqueduct from 1970-2017 
(LADWP, 2019). Throughout the simulation period, the different scenarios are almost 
indistinguishable from each other and show no significant divergences in behavior. By the end of 
the simulation, small differences are beginning to show between the magnitude of flow from 
different experiments. The RCP 8.5 + Vegetation scenario, which represents the most extreme 
climate change relative to present, exhibits slightly more extreme wet and dry years and shows 
less sensitivity to short-term fluctuations in output shown by the other scenarios. RCP 8.5 + 
Vegetation tends to have the highest peak values, followed by RCP 8.5 with fixed vegetation. 
RCP 8.5 + Vegetation also has the highest standard deviation and IQR demonstrating its 
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increased variability. Notably, the experiments with the highest peak output also tend to have the 
lowest output during drought. 
 
Figure 5.3. ​Comparison of the total basin outflow between scenarios. The black line represents the mean outflow of 
the Los Angeles Aqueduct from the historical data. The grey shaded region represents the IQR (middle 50%) of 
aqueduct flow values. 
 
Table 5.3. ​Summary statistics of total basin outflow for experimental scenarios and the Los Angeles Aqueduct. 
Significance tests evaluate whether the outflow of a scenario changed over time. 
 
Scenario IQR (m​3​) Mean (m​3​) Std. Dev (m​3​) Coefficient 
(m​3​) 
p-Value 
(t-Statistic) 
RCP 4.5 127,795,376 395,061,557 98,791,719 193770 0.71 (0.37) 
RCP 4.5 + Vegetation 128,973,625 395,179,496 101,366,243 -57908 0.12 (-0.91) 
RCP 8.5 129,496,927 397,688,793 101,149,214 219311 0.66 (0.44) 
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RCP 8.5 + Vegetation 140,156,271 404,381,396 104,156,271 275964 0.72 (0.36) 
LA Aqueduct 
(1970-2017) 
301,695,639 401,927,016 
 
172,730,538 
 
- - 
 
None of the scenarios show statistically significant changes in annual volume relative to 
annual volume at the beginning of the simulation period. Relative to the Los Angeles Aqueduct, 
all experiments had means close to the historic average after using the adjustment factor to 
compensate for underestimation. However, estimated variability for all simulations was much 
lower than the observed data. Ultimately even the most significant climate change scenarios 
tested did not have an appreciable effect on the overall outflow from the Owens Valley.  
 
6. Discussion 
6.1 Credibility of the Model 
While analysis was able to proceed using a reduced set of subbasins, the poor results of 
calibration significantly hinder the ability to draw conclusions from the model. While the outputs 
of some of the gauges in the reduced set were replicated to a satisfactory degree for prediction, 
most did not reach this threshold. Additionally, as discussed in section 4.3, difficulties inputting 
gridded temperature and precipitation data into the model created a scenario where the 
calibration method may have misrepresented physical characteristics of the watershed to obtain 
the best statistical result from disjointed data. This is evident in the temperature and precipitation 
lapse rates, which contradict observational studies in the region (Lundquist et al., 2008; Pandey 
et al., 1999) 
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Other concerns arise from bias arising from the location of stream gauges used in 
calibration. Many of the gauges were from high elevations in the central section of the Sierra and 
were clustered together. A large group were in a single watershed along the King’s River and its 
tributaries. Although the two best fit gauges came from this river system, many of the other 
gauges along it were simulated poorly. Due to the lack of gauges from other parts of the Sierra 
and at lower elevations, it is unknown whether the parameters selected during calibration 
represent the physical characteristics in these locations. Additionally, because of the size of the 
study area, its regions are likely less homogeneous than in a smaller watershed, and as such, 
increase the chance that the extrapolation required to simulate the entire basin generated bias. 
The result is that there are many reasons to conclude that both the values and trends shown are 
unlikely to be representative of the future behavior of the watershed under any of the scenarios. 
Because the model failed to calibrate and showed so much variety in its predictive ability, it is 
unknown whether any processes are being simulated correctly outside the few subbasins with 
good fits. 
Although the results of this study lack credibility for application, they are useful in that 
they generate potentially important questions about the response of the eastern Sierra Nevada to 
climate change. Due to its unique combination of elevation and seasonally divided precipitation, 
the Sierra Nevada stand out in hydrologic studies in the western U.S. (Klos et al., 2014; Fritze et 
al., 2011; Rauscher et al., 2008; Bales et al., 2006), which may be reason to further question how 
the area will respond to changes. Additionally, despite the results of individual sites, the overall 
runoff of the basin was successful in re-creating trends in the Los Angeles Aqueduct record, 
especially when averaged over a longer timespan (Fig. 4.4). As some of the results of the 
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scenarios do show long term trends that challenge current conceptions about change in the 
region, the hypotheses and questions generated by these results are discussed below. 
6.2 The Effect of Vegetation 
While the method used to simulate vegetation expansion in the model was imprecise, it 
achieved the goal of increasing overall evapotranspiration in the watershed (Fig. 5.2). 
Additionally, alteration of the CO​2 ​concentration is able to create realistic changes in the 
behavior of vegetation at other elevations. Because this only affects the growth of plants and not 
their distribution, the accuracy of ET in the unaltered parts of the watershed is only constrained 
by the accuracy of calibration (which unfortunately is poor). This study is unique in that the 
effects of vegetation expansion have not been incorporated into other assessments of the eastern 
Sierra Nevada. Due to the notable differences between the experimental and control vegetation 
scenarios, it is clear that the interaction of vegetation with snowpack and streamflow in the 
eastern Sierra should be investigated further. 
The most prominent of the differences between the experimental and control scenarios is 
that it appears changes to vegetation dramatically reduce evapotranspiration during dry periods, 
slightly increase it during wet periods, and delay snowmelt/runoff significantly in the RCP 8.5 
scenario. Looking at figure 5.2, much of the reduced ET is a result of a large group of subbasins 
having both zero ET and PET. While this is impossible in reality, in SWAT PET can reach 
infinitesimally small values when the leaf index area becomes extremely small. The leaf area 
index measures the percent of the HRU covered by vegetation canopy, so the very low PET 
values seen here would have to indicate a complete die-off of plants in most subbasins or an 
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error in the model. This result is particularly confusing as PET values return to high levels during 
wet periods and there are still subbasins during dry periods which have reasonable ET rates. If 
these results are in fact correct, these might represent higher elevation subbasins which still 
receive some precipitation. While it might be expected that ET increases for any amount of 
precipitation due to a larger proportion of the watershed being covered by precipitation, the 
increase in CO​2​ may obscure this effect by reducing the amount of water plants lose to the 
atmosphere absorbing CO​2​ due to smaller stomatal openings. 
In the analysis of flow center timing, changes to vegetation appear to have much less 
influence than on evapotranspiration. In the RCP 4.5 scenarios, there is almost no change 
between the control and experimental vegetation scenarios. For RCP 8.5 however, the 
introduction of vegetation and CO​2 ​changes reverses the statistically significant trend towards 
earlier flow center timing. This finding is particularly interesting because the effect of vegetation 
was the only factor separating the scenarios, but also because this effect is not seen in the RCP 
4.5 scenarios. 
One hypothesis for vegetation delaying flow center timing is that a more developed 
vegetation layer, especially in heavily snow-dominated subbasins at high elevation, shields the 
snowpack from solar radiation and reduces convective heat flux. While water demand would also 
increase, preservation of the snowpack and reduced sublimation may be causing later melt and 
yielding a larger proportion of precipitation as surface runoff, potentially increasing watershed 
output. In figure 5.3, higher peak ET was simulated during periods of high water availability. 
This can be interpreted as preservation of the snowpack increasing water supplies available to 
vegetation, bolstering growth and increasing ET. However, increased ET can also be taken to 
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show that vegetation does not significantly preserve snowpack, as reduced solar radiation and 
convective heat transfer would necessarily reduce evapotranspiration. 
Ultimately, there is not enough information or certainty in the model to do anything but 
raise questions about the relationship between snowpack and vegetation. Additionally, changes 
to land cover at high elevations may have been unrealistic in that recoding of barren land as 
forest immediately results in full forest cover, despite it still being constrained somewhat by 
climate. There is also no corresponding change in soil composition which would be required for 
presently barren areas to support significant vegetation. A more detailed implementation of 
upslope elevation movement in SWAT will be necessary to persuasively draw conclusions about 
the interaction between vegetation and snowpack. 
6.3 Predictions for the Los Angeles Aqueduct 
As addressed earlier in the section, the extent to which conclusions can be drawn about 
changes in the total watershed outflow are extremely limited. Conveniently, none of the 
scenarios showed a significant trend in watershed outflow over the simulation period and none of 
the scenarios appear to differ significantly from one another. This result is unexpected given the 
large differences in ET between the control and experimental vegetation scenarios and the 
statistically significant center timing trend of the RCP 8.5 scenario. However, this finding does 
not necessarily contradict the literature. Although large decreases in snowpack are projected with 
warming (Dettinger et al., 2018; Sultana and Choi, 2018; Bales et al., 2015; Costa-Cabral et al., 
2012), predicted changes in overall outflow are smaller and less certain. In some cases, outflow 
is expected to increase as a result of increased precipitation, though this is mostly in the form of 
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rain (Sultana and Choi, 2018; Null et al., 2009). Yet, other studies still project decreases in 
runoff (Barnhart et al., 2016; Ficklin et al., 2012). Despite current warming, changes to 
streamflow volume have not yet been observed (Stewart, 2012; Howat at Tulaczyk, 2005). With 
the incorporation of vegetation changes, Goulden and Bales (2014) predict reduction in runoff 
volume of as much as 26% in the western Sierra Nevada due to increased evapotranspiration, but 
these results have not been recreated in the eastern Sierra and the results shown here do not show 
any decrease in runoff in vegetation scenarios despite increases in evapotranspiration. However, 
as most changes to both streamflow and vegetation are expected to occur at mid-elevations 
(1750-2750 m), modeling studies which better represent this elevation range may generate more 
expected changes under warming. 
While linear scaling of the underestimated runoff from SWAT almost certainly does not 
represent the change in runoff from correctly represented hydrologic input to the watershed, 
determining the direction and approximate magnitude of trends is important both in the context 
of assessing the effect of experiments as well as in guiding future work. Due to the accumulation 
of precipitation error in downstream subbasins, comparisons of simulations with aqueduct data 
are especially unreliable. However, future work should continue to investigate the potential 
effect of expanded vegetation on total runoff. 
 
7. Conclusions 
This study has shown that SWAT can be used to model the hydrology of the eastern 
Sierra Nevada, with some areas showing good levels of agreement with observed data. It also has 
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demonstrated SWAT’s ability to replicate long term trends of a large watershed, even when 
trends at individual sites are not well matched. While no conclusions can be drawn from these 
experiments regarding future projections for the region, discrepancies in trends between 
scenarios with and without changes to vegetation highlight a potential area of interaction 
between vegetative cover and snowpack melt dynamics. Future studies should continue to work 
on incorporating vegetation into SWAT and improve on best practices for simulating mountain 
regions and primarily snow dominated watersheds. Additionally, further work in the region 
should attempt to address the lack of observed data and the effects of its spatial distribution, 
potentially through other proxies or increased geographic grouping during calibration. Questions 
about the future runoff of the eastern Sierra remain important to water resource managers and the 
future of the Los Angeles Aqueduct. As the effects of climate change become more evident and 
regional projections improve, SWAT and other hydrologic models will become increasingly 
useful in evaluating the future availability of natural resources and the interactions between 
climate feedbacks. 
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